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Introduction
Today it is widely recognised that interactions and research collaborations among organisations are essential elements of knowledge production processes (see, for instance, Powell and Grodal 2005) . Organisations must collaborate more actively and more purposefully with each other in order to cope with converging technologies, and increasing market pressures due to changing patterns of demand in a globalising world (see, for instance, Fischer 2001) . In particular, firms have expanded their knowledge bases into a wider range of technologies (Granstand 1998) , requiring more diverse knowledge, so firms must learn how to integrate new knowledge into existing products or production processes (Cowan 2004) . It may be difficult for a firm to develop this knowledge alone or acquire it via the market. Thus, firms aim to form co-operative arrangements with other firms, universities or research organisations that already have this knowledge to get earlier access to it.
In the recent past, organisations seem to have expanded the spatial range of their collaboration activities, referred to as local buzz vs. global pipelines or the local-global duality in the process of knowledge creation (see, for instance, Bathelt et al. 2004 ). On the one hand, as a consequence of the globalisation process, knowledge production becomes increasingly interconnected and internationalised. The network of interactions between R&D actors rises considerably. On the other hand, R&D activities remain bounded within a relatively narrow geographic area. Taking regionsdefined as subnational spatial unitsas essential sites of knowledge creation (see, for instance, Lagendijk 2001) , this local-global duality is reflected by the co-existence of, on the one hand, the co-location of actors producing knowledge inducing geographically localised, mostly intra-regional knowledge spillovers (see, for instance, Fischer et al. 2006) , and, on the other hand, of global, more far-reaching research collaborations taping specific pieces of regionexternal knowledge (see, for instance, Varga et al. 2010) .
In a policy context, it is notable that regional, national and supranational Science, Technology and Innovation (STI) policies as well as regional innovation policies have shifted attention to supporting research collaborations between various organisations, in particular among firms and 3 universities (see Caloghirou et al. 2002 , among others) 1 . Policy makers have to balance between two types of policies: on the one hand, policy that leads to economies of scale in knowledge production by supporting further regional specialisation, and on the other hand, policy that promotes cross-regional R&D collaboration and accelerates inter-regional knowledge diffusion particularly to regions where given knowledge is not available (Pontifakis et al. 2009 ). While regional and national policy programmes mainly address collaborative knowledge production within one region or country, at the supranational level, such as the EU, more far-reaching, largedistance collaboration is encouraged. Up to now, there is only little empirical evidence on the local-global duality in knowledge creation at the regional level. In this study we take a regional perspective to address this question drawing on novel data sets providing information on project based networking activities in the FPs. The objective is to identify and measure effects of intra-and interregional research collaboration on knowledge production at the level of European regions. We use a panel data spatial Durbin model (SDM) for empirical testing. The European coverage is achieved using 228 NUTS-2 regions covering all pre-2007 EU member states except Cyprus, Greece and Malta. The dependent variable, regional knowledge production, is measured in terms of fractional patent counts at the regional level in the time period 2000-2008, using patents applied for at the European Patent Office (EPO). The independent variables include an agglomeration variable, reflecting intra-regional research collaboration, measured in terms of employment in knowledge intensive sectors, and a network variable, reflecting extra-regional research collaboration, measured in terms of a regions' collaboration activities in the EU Framework programmes (FPs), weighted by R&D expenditures in network partner regions. By this we are able to estimate the distinct effects of network participation and agglomeration on regional knowledge production. In 1 This policy focus has been mainly triggered by various considerations in theoretical and empirical literature of Economics of Innovation, Economic Geography, Regional Science and Management Science (see Fagerberg and Verspagen 2009 for an overview). In particular, two arguments are essential in this respect: First, innovation, knowledge creation and the diffusion of new knowledge are the key vehicles for sustained economic growth of firms, industries or regions, and, thus, are essential for achieving sustained competitive advantage in the economy (see, for example, Romer 1990 ). Second, as mentioned above, interactions, research collaborations and networks of actors are crucial for successful innovation (see, for instance, Fischer 2001).
estimating the effects, we implement a panel version of the standard SDM that controls for spatial autocorrelation as well as individual heterogeneity across regions. The specification incorporates a spatial lag of the dependent variable as well as spatial lags of the independent variables. This allows for the estimation of spatial spillovers of agglomeration and network effects from neighbouring regions by calculating scalar summary measures of impacts.
The paper is organised as follows. Section 2 sheds some light on the theoretical background for the study, focusing on regional knowledge production and the importance of extra-regional research collaboration for gaining access to external knowledge sources. Section 3 outlines the econometric framework, specifying the empirical model in form of a panel version of the SDM relationship to be estimated. Section 4 comprises a detailed description of the empirical setting, presenting the data and the dependent and independent variables as well as some descriptive statistics. Section 5 presents the estimation results and their interpretation, before Section 6
concludes with a summary of the main results and an outlook for future research.
Theoretical background
The importance of research collaborations for generating new knowledge 2 is nowadays widely accepted (see, for instance, Powell and Grodal 2005) . The motives and drivers for organisations to engage in R&D collaborations with firms, research organisations and universities are manifold; one of the most striking arguments is the increasing complexity of innovation processes, most notably in the context of converging and rapidly developing technologies (see, for instance, Pavitt 2005) . Consequently, the absorption and integration of new knowledge from various sources as well as a permanent search for novel combination opportunities of complementary knowledge bases is the key to sustainable innovative capability.
As noted by Granstand (1998) The fundamental importance of research collaborations for knowledge production is also reflected in the in the various systems of innovation concepts (see Lundvall 1992 among many others). In this conception the sources of new knowledge are often established between firms, universities, suppliers and customers. In the concept of the regional innovation system, it is further assumed that innovating actors are embedded in a regional innovation systemwhere the region is defined as a subnational spatial unitbenefiting from spatial proximity to other actors (see Asheim and Gertler 2005) . Spatial proximity is considered to be of particular importance since knowledge is in part tacit; Krugman (1991) argues that knowledge flows are restricted with geographical boundaries due to cost of (especially tacit) knowledge transmission, which in contrast to costs for the transmission of information, rises with geographical distance. The Audretsch and Feldman (1996) provide evidence that in industries, for which knowledge diffusion is particularly important, innovative activity tends to be more spatially concentrated. It implies that knowledge flows are encouraged by a spatial proximity of different R&D actors including firms, public and private research institutes, 3 Incentives to cooperate and advantages arising from R&D collaborations may also be identified using other theoretical arguments (Hagedoorn et al. 2000 , Caloghirou et al. 2003 . From the perspective of transaction costs, firms and organisations entering into collaborative arrangements can avoid high costs of internalising R&D activities. Industrial organisation theory argues that R&D collaborations are suitable strategies to capture external knowledge. In addition, the managerial perspective highlights an ability of a firm to learn from cooperation, thereby adopting new skills and abilities, and, thus, improving its own competitive position after all. Both, managerial and industrial organisation views, implicitly include further advantages arising from R&D collaborations, such as R&D costs sharing, economies of scale and scope, risk pooling or access to complementary resources. Close interactions build trust and reduce the uncertainty and thus the complexity of production. 6 universities etc. Such organisations are taking advantage of their co-location. These gains are also referred to as agglomeration economies or external economies of scale 4 (Rosenthal and Strange 2004) .
However, key players of the regional innovation systems, such as universities and large knowledge-intensive firms do not only benefit from the local knowledge base, but increasingly are compelled to search for knowledge sources that are geographically located further away in order to keep pace in the global innovation competition (see, for example, Maggioni et al. 2007 , Scherngell and Barber 2009 , Wanzenböck et al. 2012 . Such region-external knowledge sources are tapped via region-external research collaboration activitiesfor instance in the form of joint R&D projects, joint assignment of patents or joint conduction of scientific publicationsand/or labour mobility. These knowledge sources may be explicitly valuable for such organisations to gain contact with less familiar pieces of knowledge that may be important for their long-term development (see Maskell et al. 2006) .
In a policy context, the importance of research collaboration has also been affirmed by the funding programmes created to support and stimulate R&D projects 5 between European organisations in order to boost technological competitiveness on the one hand, while to ensure cohesion on the other hand. By this, the FPs provide a significant channel for organisations to tap region-external knowledge sources, and may represent an example of geographically dispersed R&D collaborations 6 . Furthermore, increasing inter-regional connectedness that may be viewed as an alternative explanation of regional knowledge production in addition to conventional agglomeration economies, may provide regions with rather weak agglomeration characteristics an opportunity to be highly productive in case of being well inter-linked to inter-regional R&D collaboration networks (Varga et al. 2010) . The focus of this study is to test the interdependencies between region-internal research collaborationproxied by regional agglomeration effectsand region external research collaborationproxied by regional participation in the FPs. By this, the study contributes to the literature on the local-global duality of knowledge production processes from a regional perspective.
The empirical model
In order to estimate the relationship between regional knowledge production and region-internal and region-external research collaboration, we use a panel version of the Spatial Durbin Model (SDM) as introduced by Elhorst (2003). This is an appropriate way to deal with the problem of spatial autocorrelation, and to estimate the influence of spatial spillover effects. The panel version of the standard SDM model controls not only for spatial autocorrelation but also for individual heterogeneity across regions (see LeSage and Fischer 2012) . Denoting our set of regions by i = 1, ..., N and our time periods by t = 1, ..., T, the empirical model to estimate the relationship between research collaboration and regional knowledge production is given by
countries. Autant-Bernard et al. (2007) find that relational distance by means of the firms` position within a network matters more than their geographical location. Maggioni et al. (2007) suggest that a region`s knowledge production is mainly influenced, besides by regions that are located close in geographical space, also by regions that are close in relational space. The study of Schnerngell and Barber (2009) provides evidence that geographical factors matters for interregional collaboration intensities, whereas the effect of technological proximity prevails. Schnerngell and Barber (2011) further show that geographical factors are less significant for public research networks in comparison with the greater impact of geography on patterns of industrial R&D collaboration networks.
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where y t is the N-by-1 vector of observations on regional knowledge production in N regions at time t. ɑ t denotes the N-by-1 vector of observations on the agglomeration variable at time t,
capturing intra-regional research collaborations, while k t-2 is the N-by-1 vector reflecting the observations on the network variable at time t-2 7 , measuring inter-regional research collaboration activities. δ 1 , γ 1 are scalar parameters to be estimated.
W is the N-by-N matrix of spatial weights reflecting the spatial configuration of the regions with As a consequence, Wy t denotes the N-by-1 vector representing the spatial lag of regional knowledge production in k nearest neighbours at time t. Its coefficient ρ measures the strength of spatial dependence. Similarly, N-by-1 vectors Wɑ t and Wk t-2 denote the average of observations on the agglomeration and the network variable in k nearest neighbours at time t and t-2, respectively. δ 2 , γ 2 are the associated scalar parameters to be estimated. ε t = (ε 1t , ..., ε Nt )' is the N-by-1 vector of disturbances for time period t which is independently and identically distributed with zero mean and variance σ 2 ε . μ = (μ 1 , ..., μ N )' is the N-by-1 vector representing random spatial specific effects, i.e. μ is treated as a random element and is assumed to be independently and identically distributed with zero mean and variance σ 2 μ 8 . Since space-specific time-invariant effects are likely to have an impact on the dependent variables, their omission could lead to a biased and inconsistent estimation result (Elhorst 2010b ). To measure regional knowledge production we use fractional counts of patent applications to the European Patent Office sorted by the by priority year (date of application) derived from Eurostat 11 . We use fractional counts, i.e. we count patents based on the number of inventors listed on a patent application, dividing the number of inventors by the number of different 11 regions in which they are located. For a patent with three different inventors in three different regions we count 1/3 for each region so that the total sum of counts for one patent equals to 1 (Eurostat 2007).
Inclusion of lags of both dependent and independent variables allows
As introduced in the previous section, our independent variables consist of the agglomeration variable and the network variable. We use employment in knowledge intensive sectors derived from Eurostat as a proxy for agglomeration effects (see, for instance, Varga et al. 2010 ) By knowledge intensive sectors, we understand high-and medium-high-technology manufacturing, high-technology knowledge intensive services, knowledge intensive market services, financial services as well as the education and the health sector, as defined by Eurostat. The network variable is measured in terms of the number of regional EU Framework programme (FPs) participations, weighted by R&D expenditures in partner regions. Thus, the measure is defined as a product of an N-by-N collaboration matrix (see Barber 2009 and 2011) , and an N-by-1 vector of total regional R&D expenditures for each time period. The data on regional R&D expenditures come from Eurostat. For the construction of the collaboration matrix we use data from the EUPRO database that contains information on research 12 collaborations of participating firms and organisations within the FPs. The time period 1998 to 2006 covers the fifth (1998) (1999) (2000) (2001) (2002) and the sixth (2002) (2003) (2004) (2005) (2006) FP. For each time period, the collaboration matrix contains the number of linkages in terms of joint project participations between all (i,j)-region pairs, given i = 1, ..., N regions in the rows and j = 1, ..., N regions in the columns. Since the network variable acts as a proxy for extra-regional research collaboration, we do not consider intraregional knowledge flows. Table 1 presents some summary statistics on the three model variables. It can be seen that for the dependent variable, that is regional knowledge production, as well as for the agglomeration, we cannot observe a time trend concerning mean knowledge productionas captured by regional patentingand mean degree of agglomerationas captured by employment in knowledge intensive sectors. In contrast, for the network variablecaptured by regional participation in the FPs weighted by R&D expenditures in network partner regionswe can observe a sharp increase in mean regional FP participation intensity between 2000 and 2008.
Estimation results
In this section we present and discuss our empirical findings. All variables in the model are defined in log form. All parameter estimates of the independent variables in the SDM model specification are highly significant. However, these estimates cannot be interpreted as marginal effects of changes in the agglomeration and network variables on the knowledge production variable. As mentioned in Section 3, the parameters estimates differ from direct effect estimates that contain also feedback effects arising partly due to the coefficient of spatially lagged dependent variable, which we find highly statistically significant, and partly due to the highly significant coefficients of spatially lagged independent variables (Elhorst, 2010a) . It is also important to remark that highly significant spatially lagged variables do not imply significant indirect effects of the respective 13 variables (see Table 3 ). The spatially lagged variables indicate just impacts of nearest neighbouring regions as defined by the spatial weight matrix W. Table 2 . Differences between these two measures represent feedback effects that arise from induced effects in the neighbours of the neighbours of region i, successively in the neighbours of those neighbours, and continuing throughout the whole system, including some feedback effects to the region i itself.
The direct effect of the agglomeration variable that is highly significant appears to be 0.519.
Since the coefficient estimate is equal to 0.523, the feedback effect of this variable amounts to -0.004 or 0.8% of the direct effect. Similarly, the feedback effect of the network variable is the difference between the highly significant direct effect 0.082 and the parameter estimate 0.075, that is 0.007 or 8.5% of the direct effect. Thus, the feedback effect turns out to be relatively small and negative for the agglomeration variable. The feedback effect of the network variable, 14 although still relatively small, shows much stronger and positive impact than in the previous case. Direct effect estimates show in both cases a positive impact, i.e. a change of the independent variable in region i on the knowledge production in that region. This impact is much higher in magnitude in case of the agglomeration variable (0.519). It confirms the importance of colocation of R&D actors. The direct impact of the network variable, i.e. a region's own collaboration activity with other regions, is lower as compared to the agglomeration variable (0.082). However, the results confirm the direct impact of research collaborations within the EU FPs on regional knowledge production, when considering patents as an output of knowledge production, though the agglomeration characteristics of a region play a much more prominent role.
Indirect effects of the agglomeration variable are not significant suggesting that the employment in knowledge intensive sectors has only a local impact, in other words, it influences only its own region. On the contrary, the indirect impact estimate for the network variable indicates considerable average spillover effect to other regions (0.147). The indirect effect of a change in the network variable appears to be 1.8 times the magnitude of the direct effect of the same variable. Thus, this result suggests that regions with less developed R&D infrastructure may 15 profit from collaborations with other regions. The total impacts of both independent variables on knowledge production are positive and highly significant (0.472 and 0.229). A 10% increase in the agglomeration variable increases regional production by 4.72%. Similarly, a 10% increase in the network variable results in a 2.29% increase in regional knowledge production.
Conclusions
Research collaborations are nowadays to be seen as one of the most essential elements for the knowledge production of firms, universities and research organisations. The focus of this study has been on regional knowledge production in Europe, devoting special emphasis to the question how research collaborations contribute to knowledge production processes from a regional perspective. We have employed a spatial Durbin model (SDM) relationship to test whether region-internal and region-external research collaboration contribute to regional knowledge production, using 228 NUTS-2 regions of Europe as our spatial framework, and accounting for spatial spillovers between our system of spatial units. Regional knowledge production has been proxied by using information on regional patenting for the years 2000-2008, while regioninternal research collaboration has been measured by means of an agglomeration variable that is defined by the share of a region's employment in knowledge intensive sectors, and regionexternal research collaboration by regional participation in the EU Framework Programmes (FPs) that have been specifically designed to foster international research collaboration across Europe.
The study produces promising results in the context of the literature dealing with the local-global duality of knowledge production, also referred to as the local-buzz vs. global pipelines in the process of knowledge creation. The estimation results confirm the prevalence of agglomeration effects for regional knowledge production, and, by this, the importance of co-location of R&D actors. However, the most important outcome of the study is that it provides statistical evidence that inter-regional R&D collaborations in the FPs significantly contribute to regional knowledge production, i.e. knowledge flows via such global knowledge pipelinesoften corresponding to large-distance collaborations of key players of the regional innovation systemsignificantly contribute to the overall regional knowledge production output in form of regional patents. 16 The results are also important in a policy perspective, as this study is one of the first few studies that provides systematic statistical evidence on the positive contribution of participation in the FPs to knowledge production across Europe, and that such FP collaborations may indeed induce knowledge flows between regions that are located further away, complementing intra-regional inputs to the knowledge production process. Further, the results imply that considerable benefits may arise from R&D collaborations for lagging regions.
Some ideas for a future research agenda come to mind. First, alternative measurements of research collaboration may be considered, in particular for extra-regional research collaborations, having in mind that research collaborations in the FPs constitute only a very small and specific subsample of total research collaborations. Second, other model specifications may be considered, for instance models for dynamic spatial panels (see Elhorst 2011), in order to be able to disclose and characterise dynamic effects in the relationship between regional knowledge production and intra-regional vs. extra-regional research collaboration.
